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a b s t r a c t
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Introduction
Uneven-aged forests are generally more resistant to natural disasters such as windthrow because of a higher stability against storm damage (Mason, 2002; Hanewinkel et al., 2014) in comparison with even-aged forests. Furthermore, the frequency and intensity of windthrows are projected to increase due to climate change (Haarsma et al., 2013) , requiring changes in forest management plans and practices (FAO, 2013) . This supports the application of uneven-aged forest management. The unevenaged forest system has a long tradition in Central Europe (Rollin et al., 2005; O'Hara et al., 2007; Puettmann et al., 2015) but has always been applied to just a small portion of the total forest area (Boncina, 2011) . This type of forest management can be difficult to carry out for many private forest owners. It is therefore important to study to what extent uneven-aged forest management can be adapted to respond to the increase in windthrow risk. While forest management under windthrow, mainly dealing with even-aged forests, has received considerable attention in the literature over the last decades (Loisel, 2014) , empirical analysis and modeling studies on windthrow damage in unevenaged forests are less frequent (Hanewinkel et al., 2014) .
Before analyzing uneven-aged forest management, it can be difficult to assess precisely windthrow risk and its potential variation due to climate change. Future climate evolution and its impact on forest ecosystems are not easily evaluated in terms of standard probability concepts (Schou et al., 2015) . Since the probabilities of catastrophic events might increase, exploring the consequences of different values of probabilities allows us to investigate how the forest owner's optimal decision concerning forest management is affected by uncertain climate change. Although risks of extreme events have a large impact on forest management, forest owners' decisions also depend on their risk attitudes. Indeed, behavior under risk typically results from the interplay of the risk level faced by forest owners (level of probability) and their perception of risk. Forest owners' risk preferences are key factors in explaining variability in behavior between decision-makers. Risk attitude is the stance a forest owner has towards the content and the consequences of risk (attitudes towards risk can be risk-averse, risk-neutral or risk-seeking). It is the interaction between risk perception and risk attitudes that matters in decisionmaking. There is no doubt that many forest owners are not risk-neutral but risk-averse instead, and forest owners' risk preferences have a significant impact on forest management (Andersson and Gong, 2010; Brunette et al., 2014) . It is therefore essential to consider risk and risk aversion when addressing the problem of forest management.
As indicated by Schou et al. (2015) , reviews of decision-making under climate change (Yousefpour et al., 2012) and of the modeling of natural hazards in forest management (Hanewinkel et al., 2011) present a comprehensive overview of the literature on decision making under uncertainty. In the same way, Pasalodos-Tato et al. (2013) reviewed and classified methods and approaches to deal with risk and uncertainty in forest planning. They classified methods including risk and uncertainty models into different categories depending on the spatial scale of the planning problem addressed (stand level, forest/landscape level and regional level). In contrast we only focus on studies based on Markov chains in order to describe the similarities and differences with our study. Since forest management can be modeled as a controlled Markov process (Lohmander, 2011) , the Markov decision process 1 is a technique commonly used to deal with risk and uncertainty at the stand level (Hool, 1966; Lembersky and Johnson, 1975; Kao, 1982; Teeter and Caulfield, 1991; Pastor et al., 2005; Lin and Buongiorno, 1998; Kaya and Buongiorno, 1987; Rollin et al., 2005; Buongiorno and Zhou, 2011; Zhou and Buongiorno, 2011) as well as at the forest level when addressing spatial problems (Spring et al., 2005a; Sabbadin et al., 2007; Forsell et al., 2011) . However, the current literature concerning the MDP model only considers risk-neutral forest owners.
It is recognized that forest owners are generally risk averse (Brunette et al., 2014) . The impact of risk aversion on the forest owner's behavior has been demonstrated in different models (Ollikainen, 1993; Gong, 1998; Lönnstedt and Svensson, 2000; Gong and Löfgren, 2003; Alvarez and Koskela, 2006; Andersson, 2012) . For example, in a Wicksellian single rotation framework, Alvarez and Koskela (2006) indicate that higher risk aversion decreases the optimal harvesting threshold and thus shortens the expected rotation period. In the same way, in an expected utility maximization model, Gong (1998) shows that a risk-averse forest owner should harvest earlier than a risk-neutral one. In a multi-age class model, Tahvonen and Kallio (2006) (in a more general model that also includes forest owners' consumption-saving decision-making), and Salo and Tahvonen (2003) show that under strictly concave utility, it is optimal to adjust the age class structure close to a normal forest distribution (where the land is evenly allocated among the number of age classes).
Under climate change, forest owners are investigating new forest management strategies, especially by promoting uneven-aged forests. Uniform stand structure is considered to be an effective management option to reduce forest vulnerability. Mixing age classes has been proposed as one way to mitigate uncertainty. The forest planning literature has provided methods based on linear programming and optimal control models, as well as search algorithms to handle this problem (Adams and Ek, 1974; Berck, 1979; Johansson and Löfgren, 1985; Lyon and Sedjo, 1983; Sedjo and Lyon, 1990; Mitra and Wan, 1985; Salo and Tahvonen, 2002 , 2004 Tahvonen, 2004; Tahvonen and Kallio, 2006; Couture and Reynaud, 2007; Goetz et al., 2013) . In the long-run, it is optimal to let the forest evolve toward a normal forest structure. The main question is therefore whether or not the optimal solution converges to the normal forest age-class distribution. Such a question has never been tackled using an MDP model especially in the case of an explicit representation of risk aversion. 2 Studying this problem within the MDP framework has several advantages. First, an MDP model does not simply provide an optimal decision path for an initial stand state but optimal decision rules that give optimal harvesting decisions for all possible states of the forest. Thus, while Faustmann rules can be represented in the MDP framework, original and more efficient management rules may result from the optimization. Second, we use the MDP framework to explicitly model the influence of risk and risk aversion on the optimal management policies in the context of multiple stand management. Indeed, there currently exist standard approaches for introducing risk aversion in MDP models such as the discounted expected utility framework frequently used in economics but never applied to uneven-aged forest management problem under risk aversion. With such an approach, dynamic programming can be used to efficiently compute an optimal policy with respect to the expected utility. This too is original, as is the simplified multi-stand model we propose and evaluate. Finally, the MDP framework has been extensively studied in the Artificial Intelligence literature in recent years, and several extensions of this model have also been studied, in particular ones that consider explicit interactions between independent processes (Forsell et al., 2011) . Taking advantage of these advanced works to study risk aversion and forest management diversification at the same time is interesting to complement current research.
In this paper, we analyze optimal forest harvesting including multiple age classes, and forest owners' risk aversion. The problem of the forest owner is to manage a forest composed of different stand plots with different age classes in the presence of windthrow risk. We adopt an infinite-horizon stationary MDP framework to model this problem. We consider two management types: the joint uneven-aged forest management model in which the forest owner jointly manages all the different stand plots, and the independent uneven-aged forest management model that assumes that the forest owner independently manages each plot of the forest. In the joint uneven-aged forest management model, sylvicultural practices on each stand are decided on the basis of the observation of the state of all stands. On the other hand, in the independent uneven-aged model, sylvicultural practices on a given stand are decided on the basis of the state of this stand only. In other words, the forest owner may adopt forest-level management or stand-level management. Therefore, the independent unevenaged model is an even-aged management model. Note that, in this case, even though each stand is in a different initial condition, the optimal policy is the same for all stands. So all stands will converge sooner or later to the same steady state distribution. Independent management does not explicitly consider the possibility of mixing age classes in different stands, although windthrow may induce a diversification of age classes at the forest level. On the other hand, in the joint management problem, the forest owner can explicitly decide to manage risk damage by diversifying age classes at the forest level. The joint model may therefore make it possible to induce a "diversification effect" linked to risk aversion. The MDP framework allows to measure this effect. The framework we propose generalizes existing MDP studies that assume a single stand and risk neutrality.
We applied the MDP framework to a non-industrial private forest owner located in northeastern France. We show that the forest owner tends to converge toward a forest structure close to a normal forest where only the oldest tree age class is harvested in the joint uneven-aged forest management model. In the long-run equilibrium, the areas allocated to the different age classes are almost identical, except for the oldest age class for which the allocated area is reduced. We find that the independent uneven-aged forest management model is relatively inconsistent with the optimal multi-stand harvesting policy. More surprisingly, the plausible levels of windthrow probability changes that could result from climate change have little influence on the optimal harvesting strategies of the forest owner. In contrast, the forest owner's risk aversion has a strong influence on the optimal policy. The rest of the paper is organized as follows. In Section "The model", we describe the forest management model and we present the Markov decision process model. Section "Case study: model calibration and solution method" deals with the numerical approach for solving the model calibrated for a nonindustrial private forest owner located in northeastern France. In Section "Case study: results and discussion", we present the results of the application. We conclude with a brief summary of our findings in Section "Conclusion".
The model
We considered a non-industrial private forest owner facing a dynamic problem of forest management under storm risk over an infinity of harvesting periods. 3 We assumed that the private forest owner manages a forest composed of different stand plots with one unique species. Let n denote the number of stand plots. Each stand plot i (i = 1, . . ., n) has trees of age s i . Let us assume that s i ∈ {1, . . ., m} with 1 coding the youngest age class and m coding the oldest one. m is the age after which trees no longer improve their value. Trees in age class s i are characterized by their timber content, v s i , measured in m 3 /ha, and which increases with the age class, v s i ≥ v s i−1 , ∀2 ≤ s i ≤ m. The Markov decision processes (MDP) framework allows us to efficiently model and solve this sequential decision-making problem under uncertainty (Sigaud and Buffet, 2010; Puterman, 1994) . In its classical formulation, an infinite-horizon stationary MDP is described by a four-tuple, S, A, p, r , where S represents the finite set of states that can be reached by the system, A represents the finite set of decisions that can be applied at each period, p is a state transition function, and r is a reward function.
State and action variables
The states of the n stand plots of the forest are represented by the vector s = (s 1 , . . ., s n ) where s i ∈ {1, . . ., m} is the age class of stand plot i. The space of states, S, is then defined by S = {1, . . ., m} n . In each period, the forest manager has to decide on the number of stand plots of each tree age class to be harvested. The decision for each stand is either to do nothing or to cut the stand and reforest immediately. Therefore, an action a is represented as a vector of decisions a = (a 1 , . . ., a n ) where a i ∈ {1, 2} with a i = 1 if the stand plot i is not cut and a i = 2 if the stand plot i is harvested. The space of actions, A, is defined by A = {1, 2} n .
Risk
The stochastic environment of the forest owner is described by a risk of stand plot destruction due to windthrow, depending on the age class of the stand alone, as suggested by Dhote (2000) . We assume that windthrow may happen after harvests. Let p s denote the probability of a windthrow occurring within a period of time. Given a strong wind occurrence, trees may or may not be destroyed. pd s i denotes the conditional probability of overturning a stand i of age class s i ∈ {1, . . ., m} given strong wind occurrence. Given strong wind occurrence, the probabilities of each stand being overturned are assumed to be independent for the purpose of simplification. 4 Returns Empirical evidence (Schelhaas et al., 2003) suggests that in the case of strong windthrow, the entire production is not lost. Hence, we assume that in the event of an age class destruction, a proportion ˛ ∈ [0, 1] of the timber content can be recovered and sold by the forest-owner. This proportion corresponds to the percentage of salvage timber. ˛ equal to 1 means that strong winds do not result in any timber losses and the only impact of the stochastic event is to impose harvesting at a time that may not be optimal. On the contrary, ˛ equal to 0 means that a destroyed stand yields no revenue. The gross net revenue w generated at each time period is the sum of net revenues of all plots: w = n i=1 w i . The net revenue of each plot depends on the age of the plot, the decision to harvest and the occurrence of windthrow. The net revenue of the plot i if harvested is:
where area i is the area allocated to the plot i, T s i represents the timber price (in D /m 3 ) for age class s i , C h is the harvesting cost (in D /m 3 ), and C p is the planting cost (in D /ha). The harvesting cost is a function of the volume of timber harvested, thus of the age of the harvested plot. On the other hand, the planting cost is only a function of the area of the plot. The net revenue of the plot i if not harvested and impacted by a storm is:
where C r is the recovery cost in the case that the stochastic event occurs. The planting cost depends on the planted area and the harvesting and the recovery costs depend on the timber content. The net revenue is null for the other cases.
Taking risk-aversion into account
In a risk-neutral approach to decision under uncertainty, the utility of a policy is measured by the sum over time of expected rewards. There exist several ways to take risk-aversion into account in MDP models (discounted expected utility, risk sensitive average criterion, average value at risk). All of them correspond to replacing the expectation of a random variable over rewards with a lower value, reflecting the uncertainty "spread" of the distribution. One can, for example, apply a concave transformation to the reward, thus resulting in moving the random variable realizations to lower values ( Fig. 1 , top-right). Such an approach is currently used in economics for considering risk aversion into dynamic decision model under risk because it allows to represent different levels of risk aversion with a utility function representing the preference to riskiness by enforcing that an undesirable outcome has a low value of utility (Eeckhoudt et al., 2005) . Other approaches keep the reward function unchanged, but penalize the expectation by a quantity related to the variance of the distribution: risk sensitive approaches (Coraluppi and Marcus, 1999; Alanis-Duran and Cavazos-Cadena, 2012) (Fig. 1 , bottom left). Other approaches, such as the Average Value At Risk approach (Ruszczynski, 2010) (Fig. 1 , bottom right) compute an aggregation index focused on the left part of the reward distribution. All these approaches are quite similar in the way they modify the expected reward criterion. In the following, we consider the expected utility criterion. This is currently used in forest economics to describe the behavior of a private forest owner under risk (Yousefpour et al., 2012) .
The problem of the forest owner is to maximize the expected utility of the net revenue of timber harvest w. Assume, in addition, that the instantaneous utility is given by U(w), where U is a continuous, twice differentiable, increasing and strictly concave utility function. To take risk behavior into account in numerical computations, we apply the specification U(w) = w 1−ˇ/ (1 − ˇ) if w > 0, and U(w) = −(−w)
1−ˇ/ (1 − ˇ) if w < 0, with ˇ / = 1. This utility function belongs to the Hyperbolic Absolute Risk Aversion family (Eeckhoudt et al., 2005) . Parameter ˇ is the real value of the relative risk aversion coefficient. Therefore the reward function r of the forest is equal to r = U(w).
Markov chain models of forest growth
In the MDP framework, forest growth is described by the transition probabilities between forest states. The application of an action may change the state of the forest. Furthermore, the state of the forest at the next period depends stochastically only on the state of the forest at the current period and on the decision applied. The transition probabilities between forest states p(s | s, a) are defined as the probability that the system will change from state s to state s , given that action a has been applied.
The joint uneven-aged forest management model
In the joint uneven-aged forest management model, the forest owner manages all the different stand plots simultaneously. In this case, the state transition function is defined as:
( 1) is a binary variable describing storm occurrence: = 1 if there is a storm and = 0 if there is no storm. The storm probability is defined by p( = 1) = p s and p( = 0) = 1 − p s . p(s i | s i , a i , ) is the probability that the stand plot i's age class changes from s i to s i under action a i , given storm event .
This transition probability is defined as follows:
• If the chosen action is to cut the stand plot (a i = 2), then the next state is s i = 1, regardless of the state s i and whether or not a storm occurs.
• If the chosen action is to let the stand plot grow, and there is no storm ( = 0), then trees will grow, for sure, leading to s i = min{s i + 1, m}.
• Finally, if the chosen action is to let the stand plot grow, and a storm occurs ( = 1), stand plot i will be overturned, with probability p ds i , reaching state s i = 1, or will grow with probability 1 − p ds i , reaching state s i = min{s i + 1, m}.
In the joint transition model, we do not consider explicit relationships between stand plots (such as shelter provided by one stand plot to a neighborings stand plot). However, the model makes it possible to represent correlations between windthrow in all stand plots, through parameter . The above model is a Markov decision process, with state and action space sizes |S| = m n and |A| = 2 n . The explicit representation of transition probabilities by matrices therefore requires space O(m 2n . 2 n ), which becomes prohibitive when the number of stands, n, is large.
An optimal policy of the MDP, * : S → A, can be obtained from the following equations:
where V * is the unique fixed-point solution of the system of Bellman equations (Puterman, 1994 ):
An optimal policy * : S → A is a state-dependent rule that gives the best action * (s) ∈ A to take in state s. V * (.) is the value function of the optimal policy. is the discount factor, and r(s, a, s ) = n i=1 r i (s i , a i , s i ) is the instant reward.
The independent uneven-aged forest management model In the independent uneven-aged forest management model, we assume that the forest owner independently manages each plot of the forest. In this case, the state transition function p(s |s, a) defined in Eq. (1) is approximated by the following factored transition function p I (s | s, a):
Intuitively, with Eq. (4), it is assumed that "independent" storm events occur independently in each stand. Thus, all correlations between windthrow in various stands are now lost. This is, of course, unrealistic. However, this assumption is a very natural way to be able to efficiently compute approximate management policies, even for problems with many stands. Therefore, we empirically evaluate independent management against joint management in this study, to test whether the loss in the expected present value incurred by applying independent management is reasonable or not. A positive answer would mean that the search for management policies can be restricted to independent ones, which would be both simpler to compute and easier to represent. The factored transition function p I (s | s, a) is an approximation of the transition function p(s |s, a). The infinite-horizon stationary MDP corresponding to this approximation is described by the fourtuple, <S, A, p I , r>. It is easy to prove that the optimal policy of this MDP, I* , can be obtained by solving n independent and identical MDPs described by the four-tuple {1, . . ., m}, {1, 2}, p I , r . The policy I* is then an approximation of the optimal policy * of the joint model. This policy has a double advantage: first, it can be concisely represented using the solution policies * i (s i ) of the independent MDPs and second these policies are identical, and can be obtained by solving a single MDP with sizes of the state and action state spaces equal to m and 2, respectively. However, in general, I* is suboptimal in the original joint model.
Case study: model calibration and solution method

Calibration of the model
The model has been calibrated to represent the behavior of a non-industrial private forest-owner in Lorraine, a region located in northeastern France. The private forest estate is assumed to produce Norway spruce (Picea abies), one of the most common species found in Lorraine. With 25 million cubic meters on the ground, Lorraine was the second French region the most devastated by the exceptional storms of December 1999. Consistent with Tahvonen and Kallio (2006) , we consider five tree age classes, m = 5. Given the growth process of spruce, the time period represents a 20-year interval. The volume per ha and the price for each age class for spruce in northeastern France are presented in Table 1 .
The cost functions associated with forest management (planting, harvesting and recovery costs) are assumed to be linear and are derived from Guo (1994) . The unit costs of planting, harvesting and recovering tree plots are 2103.8 D /ha, 3.7 and 5.5 D /m 3 , respectively. In the case of the stochastic event occurring, it is assumed that 10% of the forest area can be recovered and sold (˛ is equal to 0.1). The discount rate is assumed to be 0.1% per year. 5 According to Picard et al. (2002) and the experts, the annual probability of strong wind occurrence is 0.0032 for the selected region. Assuming that strong wind occurrences are i.i.d., the probability of observing at least one strong wind during a 20-year period is equal to p s = 6.2%. As suggested by Dhote (2000) , the conditional probabilities of overturning for age class s i given strong wind occurrence vary from 1% for the first age class to 72% for the fifth (see Table 1 ). We normalized the area of a forest plot to 1 ha. This reflects the French situation since approximately 68% of non-industrial private forest owners own less than one hectare. This assumption is not restrictive and larger forest areas may be considered. Forest owners are also characterized by their risk preferences but there is currently no estimation available for this parameter in the case of small forest owners. In reference to previous empirical studies, 6 we considered the following value of = 0.5. This value is consistent with the range of reported estimates in the economic literature (see Eeckhoudt et al., 2005) . It corresponds to a low level of risk aversion. This case will be referred to as the benchmark case in the rest of the article.
Solution method
Independent model
The solution of the independent model is obtained by solving the single MDP with sizes of the state and action state spaces equal to m and 2, respectively. The problem is solved using the classical policy iteration algorithm (Howard, 1960) . The optimization problem was solved numerically 7 with MATLAB (2013) using the MDP toolbox (Chadès et al., 2014) . The MDP toolbox offers a function based on the policy iteration algorithm to calculate the optimal policy. This function only requires that the problem be correctly described without necessarily stating any initial land allocation.
Joint model
Considering n = five plots and combining the plot states (five possible states for each plot), we have 3125 possible system states: S = {1, . . ., 3125}. Each system state s corresponds to a set of five plot age classes (s 1 , . . ., s 5 ). The states are designated in lexicographic order:
The set of actions A is defined as A = {1, . . ., 32}; each action a corresponds to a set of plot actions (a 1 , . . ., a 5 ). Actions are also designated in lexicographic order:
The global transition probability table is defined from Equation (1):
All individual transition tables p are defined by:
1 If the action is "cut" (a i = 2), p(1 | s i , 2) = 1 and p(s i = 2, . . ., 5 | s i , 2) = 0, ∀i, The size of the global transition probability table p is 3125 × 3125 × 32. The problem can also be solved using the classical policy iteration algorithm and was solved numerically using the MDP toolbox.
However, using the above-defined MDP model, our computer server (two Intel Xeon E5-2690 processors, eight cores, 128 Go RAM) cannot solve problems with more than five stands due to the size of the generated transition table, p. Therefore, for larger problems, we developed an equivalent MDP model of the forest management problem, which uses a more concise (aggregated) representation of the states and action spaces and, therefore, a transition matrix and reward function. This second model is used in the larger experiments. It should be in fact noted that in the above state representation, where s = (s 1 , . . ., s n ), with s i ∈ {1, . . ., m}, the state of each individual stand is not really relevant for the management problem since the stand characteristics are assumed to be identical: the only relationships between stands are through the global storm event and the reward aggregation function, and the stand indices can be interchanged without any problem in these relationships. Thus, the relevant information is the number of stands in each age class, which can be represented by the vector s A = (s A 1 , . . ., s A m ). Accordingly, the relevant action information is the number of stands cut in each age class, which can be represented by action vector a A = (a A 1 , . . ., a A m ). With this equivalent "aggregated" representation, both state space size and action space size can be considerably reduced. Furthermore, the complexity of finding an optimal policy in the aggregated model is less sensitive to the increase in the number of stands, n, than the initial model. It can be shown that the time needed to find an optimal policy roughly increases linearly with n m , as opposed to m n in the initial model. 8 In practice, with the aggregated model, our computer server is able to precisely solve problems with 12 stands and five age classes.
Case study: results and discussion
In this section, after presenting the optimal policy in the benchmark case, we investigate how windthrow probabilities and risk preferences impact the optimal forest owner decisions and the optimal long-run equilibrium 9 of the expected forest age distribution.
Optimal policy in the benchmark case
We first focus on the optimal forest harvesting decisions in the benchmark case computed with the joint uneven-aged forest management model.
When the forest owner has five plots (the benchmark case), in the long-run equilibrium (Fig. 2a) , the proportion of stands allocated to each age class 1-4 is still higher than that of the fifth age class (see Table 2 ): however, the latter proportion is strictly positive. Moreover, it becomes optimal to smooth the age class structure if the number of stands increases, and to eventually converge to a normal forest 8 Since
For example, to give an idea of computing time, obtaining the long-run equilibrium for the joint uneven-aged forest management model with our computer server takes about 3 hours.
Fig. 2.
Optimal policies for the benchmark case with the joint uneven-aged forest management model and with the independent uneven-aged forest management model. The x-axis represents the age class and the y-axis represents the percentage of cut (in red) and the percentage of time spent by any stand in each age class (in blue). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Table 2
Long-run equilibrium values of the areas dedicated to the different tree age classes, and certainty equivalents computed with the joint uneven-aged forest management model for one, five and 10 stands for an optimal policy. structure where only the oldest tree age class is harvested. When stands are managed independently (since the latter case corresponds to five independently managed plots) or in the single stand case (the case of one plot in Table 2 ), the optimal forest management is different from the optimal one in the benchmark case: in the long-run equilibrium, the areas dedicated to age classes 1 to 4 are almost the same and the area allocated to the fifth age class is null. In this case, the optimal forest management does not tend toward a normal forest structure, but instead toward a restricted normal forest where the oldest age class is excluded from the forest structure but the principle of the normal forest is respected among the remaining age classes. In this case, the optimal policy is the following one: it is always optimal to harvest age class 4, for a starting state of age less than 5, and if the starting state is the age class 5, then it is also optimal to harvest.
In the joint uneven-aged forest management model, the forest owner can manage risk by exposing the oldest age class to the windthrow risk, in order to obtain higher returns. The possibility of diversifying risks 10 using the different plots allows the forest owner to harvest different age classes and to dedicate some space to the oldest age class in order to converge to a normal forest, which is generally the case in the forest economics literature (see Salo and Tahvonen, 2002; Couture and Reynaud, 2007 among others) . 11 Contrary, in the independent uneven-aged forest management model, the forest owner limits the possibility of the stand to the first four age classes, never allowing the last age class, considered to be too risky. This result highlights the impact of jointly taking all of the plots in the optimal forest management policy into account. There is also an impact on the certainty equivalents 12 of the expected present value for the optimal policy obtained for the risk averse forest owner ( * =0.5
).
In Table 2 , it can be observed that the certainty equivalent is higher when the forest manager can spread risk between several stands. This value ranges from 1.96 × 10 6 in the "independent" case, to 9.45 × 10 6 in the "jointly managed" case. This shows that an independent management of stands is suboptimal, compared to the optimal (joint) management. Thus, there is a real added-value when considering joint management policies in the case of storm risk.
Assessment of the windthrow probability impact
Climate change is associated with increased climate variability and, consequently, with an increased frequency of extreme events such as heat waves, severe droughts and intense storms. For the studied area, the trend of increased windthrow frequency remains vague, principally due to the lack of data and studies. Przyluski and Hallegatte (2012) conclude that no trend for an increase of the windthrow probability is demonstrated at the moment, while Develon (2002) has shown a trend of increasing storm numbers. However, it is still assumed that climate change and increased climate variability are expected to have repercussions on the windthrow probabilities. For forest owners, it is believed that adapting to climate change will require major adjustments in management practices. This is why we now investigate the impact of an increase in the windthrow probability on the long-run equilibrium in the MDP forest management model. We therefore consider that the impact of climate change is taken into account by solving different MDP with different storm probabilities. This is a common approach in the literature: the inclusion of climate change via a change in storm frequency seems relevant because future developments and their effects on forest ecosystems are not easily predicted or described in terms of standard probability concepts (Schou et al., 2015) .
In addition to the initial value of the windthrow probability, we consider two other values (p s = 0.068 and p s = 0.093 in a 20-year period) that correspond to windthrow risk increased by 10% or 50%, respectively. Such values correspond to very high values in the range of values predicted by experts. Fig. 3 shows that such variations in the windthrow probability (from the benchmark case) do not have much impact in terms of optimal policy and optimal forest structure. This can perhaps be explained by the still relatively small values considered for the windthrow probability. However, it is important to note that these values are larger than those generally proposed by climatologists' forecasts. This conclusion is also confirmed for the independent uneven-aged forest management model (see Fig. 4 ).
The certainty equivalents of optimal policies for the "realistic" storm probabilities are also shown in Table 3 . We observe that even if the optimal policy remains unchanged, an increase in the probability of windthrow will result in a decrease in the expected present value of the optimal policy. Given that the optimal policy is unchanged, this result is very intuitive. The expected present value should decrease since a higher proportion of the timber is damaged by storm when the storm probability is increased. Fig. 3 . Impact of the windthrow probability on the percentage of harvesting and on the percentage of time spent in each age class under the optimal policy for the joint uneven-aged forest management model for 5 and 10 stands. The x-axis represents the age class and the y-axis represents the percentage of cut (in red) and the percentage of time spent by any stand in each age class (in blue). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) Fig. 4 . Impact of the windthrow probability on the percentage of harvesting and on the percentage of time spent in each age class under the optimal policy for the independent uneven-aged forest management model for five stands. The x-axis represents the age class and the y-axis represents the percentage of cut (in red) and the percentage of time spent by any stand in each age class (in blue). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Assessment of the risk aversion impact
First we analyze the impact of the risk aversion coefficient value on optimal policies and second we study the effect of the risk preference specification on optimal decisions. Finally we give some concluding remarks about the risk aversion impact.
Table 3
Certainty equivalents for the different levels of windthrow probability with the joint uneven-aged forest management model for five stands and for 10 stands. The impact of the risk aversion coefficient value We simulate the model for various levels of the Arrow-Pratt constant relative risk-aversion coefficient (ˇ), and we analyze the resulting optimal forest management policy. We measure the impact of varying the degree of risk aversion on the management strategy of a forest owner, and the longterm age profile of the forest. For this purpose, we consider two values for this coefficient, the first corresponding to a risk-neutral owner (ˇ = 0) and the second consisting in an increase of risk aversion (ˇ = 0.9, corresponding to a strongly risk-averse owner).
The forest age class profile remains relatively stable under this range of risk-aversion parameter values, but the management strategies change considerably (see Fig. 5 ). This complex behavior is difficult to explain at first glance. As Couture and Reynaud (2007) indicate, the behavior of a forest owner faced with a dynamic problem of forest management under risk depends on three effects. The first one, the wealth effect, corresponds to an incentive to harvest in order to increase the revenue resulting from timber harvesting. The second effect, the risk effect, makes the forest owner reduce the risk exposure of the forest and then to harvest in order to diminish future potential damage. The last effect, the continuation effect, is driven by the forest owner's tendency to reduce harvesting in order to smooth the utility over time. In light of these remarks, it can be observed that for risk-neutral or risk-averse owners, the more risk-averse the owner is, the more trees in intermediate age classes that will be cut. Consequently, the proportion of stands in the latest age class is decreased. However, this reduction is mitigated when the number of stand plots increases, and it becomes optimal to cut older age classes. Harvests are principally from the two oldest age classes, which are strongly harvested. It seems that in this case, the risk and wealth effects dominate.
With the independent uneven-aged forest management model, the impact of risk preferences on optimal policies differs (see Fig. 6 ). Optimal policies correspond to very simple threshold policies, and only the threshold changes. Risk-neutral managers only harvest the oldest trees. In this case, the structure of the forest converges toward a normal forest where only the oldest tree age class is harvested. When the level of risk aversion increases, the threshold decreases: At the limit, a strongly risk-averse manager (ˇ = 0.9) is no longer ready to take any risk and, consequently, stands are cut during the first age class. Note that the difference between the independent uneven-aged forest management model and the joint uneven-aged forest management model is particularly sensitive to variations in the risk-aversion coefficient.
The impact of the risk preference specification
To complete this analysis, we now briefly investigate alternate specifications of the utility function. We consider two additional particular types of utility functions that are often encountered in the economics literature: a quadratic utility function and an exponential utility function, remembering that utility is unique only up to a linear transformation (Eeckhoudt et al., 2005) .
Using the general definition of relative risk aversion, ˇ = −w(U (w)/U (w)), we seek the parameters of a quadratic utility function and an exponential utility function for which the computed ˇ values are 0, 0.5 and 0.9, like for the power utility function. We then compare the forms of the optimal policies and state occupation measures in the five stand model. First, let us consider the classical quadratic utility function: U(w) = aw − (1/2)w 2 , for which the expected utility criterion simplifies to a mean-variance approach. In this case, the relative risk aversion takes the form (computed through the general definition): ˇ = (w/(w − a)). We can observe that (i) Fig. 5 . Impact of the risk preference on the percentage of harvesting and on the percentage of time spent in each age class under the optimal policy for the joint uneven-aged forest management model. The x-axis represents the age class and the y-axis represents the percentage of cut (in red) and the percentage of time spent by any stand in each age class (in blue). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) unlike in the power function case, the relative risk aversion is not an explicit parameter and (ii) since the utility function should be non-decreasing, the level of revenue should be lower than parameter a. In order to be able to compare the quadratic utility case with the power utility case, we consider a risk aversion parameter¯ obtained by fixing the revenue to its empirical average,w, over simulations of the optimal policy computed for the five stand case for the optimal policy (computed in the benchmark case). In practice, we obtainw = 4927. It can then be empirically observed that the maximum value of w that can be reached is approximately 107,600, implying that a > 107,600 in order to guarantee that the utility function is non-decreasing over the range of possible revenue levels. However, takinḡ w = 4927 and a > 107,600 in the quadratic utility function implies that¯≤ 0.048. This means that only a (quasi) risk-neutral attitude can be modeled using a quadratic utility in our case. Nevertheless, we compare the policy obtained with the quadratic utility and the risk-neutral policy obtained in the power utility function case in Fig. 7 . These policies strongly differ, which, in addition to the fact that large risk-aversion coefficients cannot be modeled, makes it a poor candidate for risk aversion modeling in our case.
A second set of classical utility functions is the class of the exponential utility functions. These functions have the form U(w) = −(exp(−aw)/a). Such functions are characterized by a constant absolute risk aversion a. This assumption eliminates the income effect, which is often criticized in the literature. The relative risk aversion coefficient in this case is ˇ = aw. Fixing three values of a so thať corresponds to the three levels (ˇ = 0, ˇ = 0.5 and ˇ = 0.9) forw = 4927 results in optimal policies that are represented in Fig. 8 for the five-stand case. We observe slight differences in this case. However, if we calculate the optimal policy for a level of absolute risk aversion coefficient equal to 0.5 we observe a strong impact (see Fig. 9 ) on optimal policies. These results highlight the importance of the income effect. It therefore appears to be important to consider a utility function that exhibits decreasing absolute risk aversion. 
Discussion
The results of the analysis about the impact of risk aversion show, first, that the optimal management depends on risk preferences, and, second, the choice of utility function specification is crucial. Indeed, it is thus fundamental to incorporate the forest owner's risk aversion into forest management modeling. Furthermore, incorporating risk aversion also makes it important to use a joint model. The independent uneven-aged forest management model is not adapted to correctly represent the behavior of a risk-averse forest owner. Our results are in line with previous works that integrate risk aversion into forest management. They conclude that risk preferences have a strong impact on optimal forest policies Reynaud, 2007, 2011; Andersson, 2012; Alvarez and Koskela, 2006) . The additional result that we prove is that explicitly taking multiple stands into account in the model is necessary in order to better understand the effect of risk aversion in such a situation. Including risk attitudes in forest owners' decision management under uncertainty can help us to understand why non-industrial private forest owners' harvesting deviates from net present value maximization (Andersson, 2012) . This calls for a deeper understanding of forest owners' risk preferences, as recently suggested by Andersson and Gong (2010) . In the same way, the results of this analysis highlight the importance of specifying a utility function that exhibits decreasing absolute risk aversion in order to explicitly take into account the income effect. This is a very intuitive condition (as indicated by Arrow (1971)). Thus, to correctly describe the behavior of forest owners, the set of power utility functions seems to be the right choice for inferring risk aversion.
Optimal structure of multi-stand settings
In this subsection, we identify the optimal forest structure for a multi-stand forest depending on the level of risk and on the level of the forest owner's risk aversion. Since climate change results in an increase in the frequency of extreme climatic events, it is interesting to analyze how optimal forest owners' decisions are modified by changes in the risk of storm. This will result in unchanged optimal rotation for low levels of risk and shortened optimal rotation for high levels of windthrow risks, but will always smooth the age class structure. In the same way, including risk aversion changes the harvesting policy and also always smooths the structure of the forest. Independently increasing the forest owner's risk aversion or windthrow risk has the same effect of smoothing the structure of the forest. It is thus interesting to simultaneously analyze variations of both risk and risk aversion. This is the question we will now investigate. To achieve this goal, we define a frontier in the risk/risk aversion space that leads to a smooth forest structure and we show that the shape of this frontier is strongly affected by the number of stands. Fig. 13 10a represents the risk/risk aversion frontier that maintains the convergence towards the optimal normal forest structure for the five-stand case. The darker gray region corresponds to couples (risk, risk aversion) in which it is optimal to smooth the age class structure (in this case, we assume that the percentage of time spent in the fifth age class is greater than 10%) whereas the lighter gray region corresponds to situations in which the optimal forest structure is principally composed of four age classes. Up to the windthrow probability level of 0.15, there is no effect on the forest structure, but for levels of risk higher than this threshold, the impact depends on the level of the forest owner's risk aversion. The oldest age class is excluded from the optimal structure for higher levels of risk aversion. The economic intuition of this result is straightforward. For a given level of risk, increasing the forest owner's risk aversion affects the optimal structure of the forest, excluding the most risky age class to limit the risk of storm damage.
It should be noted that if it is assumed that climate change will greatly increase the probability of windthrow occurrence, then forest owners will be induced to change their optimal forest structure despite risk aversion. This conclusion is important in terms of policy consequences. If a government implements actions in order to reduce the probability or the potential damage of windthrow occurrence, then the final impact of such an action will strongly depend on forest owners' risk preferences. When the forest owner has only one plot (see Fig. 10b ), the importance of the forest owners' risk preferences is also confirmed, and suggests that the optimal forest structure appears to be very sensitive to the level of risk aversion. Therefore, any model aiming to provide policy implications should carefully investigate the risk preferences of forest owners.
Conclusion
We used an MDP model with an expected utility criterion for analyzing the forestry decisions of a non-industrial private forest owner facing a windthrow risk due to climate change. The problem of the forest owner is to manage a forest composed of different stand plots with different age classes in the presence of windthrow risk. We designed optimal forest harvesting policies including multiple age classes and forest owners' risk aversion using an MDP framework. Our model generalizes existing MDP studies that assume a single stand and risk neutrality. We considered two management types: the joint uneven-aged forest management model in which the forest owner jointly manages all the different stand plots, and the independent uneven-aged forest management model that assumes that the forest owner independently manages each plot of the forest. We have applied this framework to the management of a French forest owner facing windthrow risk. In this context, we conducted sensitivity analyses on the effects of risk preferences and windthrow probabilities on the optimal policies.
The first and main finding of this study is to have shown the importance of an explicit multi-stand modeling of forest dynamics in terms of their management. We in fact found that optimal multistand management strategies differ from optimal independent management strategies. The expected present value per stand of forests is significantly higher under a multi-stand optimal management strategy than under an independent management strategy. When doing multi-stand management, forest owners use diversification among several stands instead of cutting age to protect themselves against risk, resulting in later harvest on average and more revenue. The analysis of the risk-preference impact on optimal management strategies is significantly altered when single-stand strategies are considered. The second finding concerns risk preference. We found that the sensitivity of the risk management to risk preference is rather complex. The age class profile is not significantly altered under optimal policies in different risk-preference conditions, whereas optimal management strategies strongly depend on the risk preference parameter value. Our second finding is still in the line of already existing works on risk preference. Our last finding concerns the impact of increased storm risk on forest management. We did not found a significant impact of an increased storm risk on the optimal forest management strategy, which could perhaps appears to be a bit counter-intuitive. However, even if the optimal strategies are rather insensitive to increased storm risk, the corresponding expected present value was found to be clearly sensitive to an increase in storm risk, as expected.
A challenge for future research is to propose a general model that would extend ours in three additional directions. First, forest owners can take prevention and coverage measures such as private insurance, self-insurance activity, self-protection actions or public funds against the potential losses of timber production due to climate change. Second, in the same way, it would be interesting to introduce consumption-saving decisions into the model in order to analyze the link between these decisions and forest management. Lastly, in a changing climate, higher risks caused by more extreme events will affect timber production as well as non timber forest products that are also sensitive to weather variability. It would be important to introduce the non timber benefits of the forest into the objective function A global model that encompasses ours, and these three extensions would be an important step for forest economics research.
